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Learning analytics (LA) are a young but fast-growing field, which, according to 
some authors, holds big promises for education. Some claim that LA solutions can 
help measure and support constructivist classrooms and 21st century skills, thus 
creating a potential of making an alignment between LA and PBL principles and 
practices. Despite this argument, LA have not yet gained much interest among the 
Problem-Based Learning (PBL) practitioners and researchers and the possible 
connections between PBL and LA have not yet been properly explored. The purpose 
of this paper is, therefore, to investigate how LA can potentially be used to support 
and inform PBL practice. We do this by identifying central themes that remain 
constant across various orchestrations of PBL (collaboration, self-directed 
learning, and reflection) and present examples of LA tools and concepts that have 
been developed within LA and neighbouring fields (e.g. CSCL) in connection to 
those themes. This selection of LA solutions is later used as a basis for discussing 
wider potentials, challenges and recommendations for making connections between 
PBL and LA.  
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Learning analytics (LA) are a field that has gained increasing attention within the wider 
field of educational technology but is relatively less explored specifically in relation to 
Problem-Based Learning (PBL). LA advocates argue that the field holds great potential 
for improving and optimising education, with some of them claiming that LA solutions 
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can help measure and support constructivist classrooms (Blikstein & Worsley, 2016; 
Dietrichson, 2013) and 21st century skills (Shum & Crick, 2016). This, combined with 
the growing popularity of the field, makes it difficult not to consider the possibility of 
making a connection between LA and PBL, and start asking what LA can offer to PBL 
practitioners and vice versa. In this paper, we try to take a step back, look beyond the 
promises, and examine the field of LA to understand the potential and challenges it offers 
in relation to PBL by discussing both concrete tools and practices as well as recent 
conceptual developments. 
 
We start with a brief presentation of the field of LA, its potential applications and reasons 
for its growth. Next, as PBL is a multifaceted pedagogy and field that covers a diversity 
of practices, theories, and models, we draw out some common and central themes 
(collaboration, self-directed learning and reflection) that cut across various orchestrations 
of PBL. We do so, as we do not want to limit our discussion to a particular implementation 
or model of PBL, such as the Maastricht 7-step approach, or the Aalborg PBL model. 
Although LA have not yet been much spoken of in connection to PBL, LA and 
neighbouring fields, such as CSCL, have already been looking into LA’s potential in 
relation to some of the themes that are also of interest to the PBL community such as 
problem solving and collaboration (e.g. Fischer, 2015; Joksimović et al., 2016; Saqr, Fors, 
& Nouri, 2018). Thus, in this paper we aim to look at examples of how the central PBL 
themes that we identified have been addressed by the LA community and researchers 
from other fields, with or without a specific reference to PBL. We use the themes as a 
base for examining how various existing LA tools, practices, and approaches might hold 
interesting perspectives for PBL, but equally for reflecting on the shortcomings and 
challenges in relation to employing LA within the frame of PBL. We conclude the paper 
with a synthesising discussion and recommendations on the way forward, as the 
overarching purpose of the paper is to explore how LA can inform PBL and what the 
challenges and potentials are of employing LA to support PBL. 
 
 
WHAT ARE LEARNING ANALYTICS? 
 
LA are concerned with the "measurement, collection, analysis and reporting of data about 
learners and their contexts, for purposes of understanding and optimising learning and the 
environments in which it occurs" (Siemens, 2010). This field of research is relatively new, 
as it only just emerged in the last decade, but it has roots in more mature fields, such as 
business intelligence, web analytics, educational data mining and recommender systems 
(Ferguson, 2012). Its rise was fuelled by three driving forces (Ferguson, 2012): the 
challenge of extracting value from a growing body of educational data collected from 
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online environments, significant increase in the popularity of online learning with 
associated need to optimise the online learning opportunities, and, finally, the political 
demand to show and improve performance. The data that the LA tools use to achieve 
different educational goals is mainly gathered through monitoring students’ online 
activity (e.g. access to resources, logins, textual input) (Rubel & Jones, 2016). This data 
collection is not really limited to specific sources, such as Learning Management Systems 
(LMSs), but encompasses various tools, techniques or environments (García & Benlloch-
Dualde, 2016), e.g. forums, blogs, interactive whiteboards, social sites, libraries, or 
MOOCs.  
 
Potential applications of LA in education 
The proponents of LA argue for a wide range of potential uses, such as prediction, 
intervention, recommendation, personalisation, reflection or iteration and benchmarking, 
that are connected to challenges driving the fields’ development (Khalil & Ebner, 2015). 
The prediction of students’ future performance and activities allows for identification of 
at-risk students (Sclater, Webb, & Danson, 2017), applying early interventions and thus 
achieving different stakeholders’ goals, such as an increase in retention (Almutairi, 
Sidiropoulos, & Karypis, 2017), and improvement of students’ academic success (Khalil 
& Ebner, 2015). LA can be used as a tool to provide different types of recommendations 
to students regarding people, resources, activities (Duval, 2011), or choice of courses 
(Ferguson et al., 2016). They also have a potential of creating more personalised learning 
opportunities for students either by automatically adjusting the material to individual 
learners or by providing students with recommendations that they can use to shape their 
learning (Chatti, Dyckhoff, Schroeder, & Thüs, 2012). LA aim to provide both learners 
and teachers with data for reflection on their work that can lead to improvements in the 
learning process in the future (Khalil & Ebner, 2015). Another potential use of LA, 
benchmarking, can be seen as “a learning process, which identifies the best practices that 
produce superior results” (Khalil & Ebner, 2015, p. 131). In that sense, one of LA’ goals, 
is finding the weak aspects of the learning processes and environments, and optimise them 
based on the knowledge of best practices. 
 
The reasons for the continuous growth of the field 
Even though the field of LA still faces many challenges, the promises and hopes 
associated with the application of LA are high, so it is not surprising that the field’s 
popularity is increasing rapidly (Ferguson et al., 2016). Simon (2017) gives several 
reasons why LA will become more widespread in the near future. One of them is related 
to constant technological development, which ensures that the new LA tools become less 
dependent on data collected from online environments. Without data on students’ 
interaction outside of the online systems, we are not able to paint a holistic picture of 
students’ learning process (Mangaroska & Giannakos, 2018; Slade & Prinsloo, 2013). 
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One way in which the field has been trying to address this challenge is by putting more 
focus on multimodal learning analytics (MMLA), understood as “multimodal data 
collection and analysis techniques” (Blikstein, 2013, p. 102). Data for MMLA can be 
collected using not only logs of activities completed on a computer or mobile devices, but 
also by employing such technologies as biosensors, eye tracking, infrared imaging, or 
wearable cameras (Blikstein & Worsley, 2016). Such a wide range of data sources allows 
for use of various types of techniques that can give educators an opportunity to analyse 
speech, handwriting, sketches, gestures, affective states or eye gaze, which means that 
MMLA potentially makes it possible to analyse, measure and optimise learning 
happening in face-to-face settings. 
 
Another rationale for explaining the growth of the field is associated with the economic 
pressure to automate education (Taylor, 2001) in order to increase the number of 
graduates, and improve performance while lowering the costs (Mehaffy, 2012). It is clear 
that there is a strong political interest in relation to how ‘data’ can inform and improve 
education (Williamson, 2017). Perhaps for that reason LA are often oriented towards 
individuals rather than groups or networks (Dohn, Sime, Cranmer, Ryberg, & de Laat, 
2018; Fawns, 2018), and identifying at-risk students to provide them with early 
interventions remains the primary focus within the field (Ferguson et al., 2016). This trend 
is associated with LA solutions that are technology- rather than pedagogy-driven (Dohn 
et al., 2018), a shift that may bring worrisome consequences to education, with learners 
being sculpted not by pedagogic expertise, but rather by assumptions of technical experts 
(Williamson, 2016). While this overarching tendency needs to be acknowledged, it does 
not encompass the whole field of LA. There is a tension between the economic and 
institutional perspective concerned with dropout rates, and the more research-led trend 
that focuses on constructivist principles, 21st century skills, student autonomy and 
providing actionable feedback to improve learning rather than retention.  
 
The increase in popularity of the field is then related also to the growing emphasis on 
developing students’ 21st century skills (Dede, 2010). The new set of skills, including 
collaboration, independent thinking, problem-solving, and decision making (Silva, 2009), 
is needed for successful work life and citizenship, some argue (Dede, 2010). Those skills 
often cannot be sufficiently (or at all) measured by traditional assessment methods 
(Griffin & Care, 2015), with some researchers claiming that they cannot be measured at 
all (Silva, 2009). As the various learning-related interactions are now frequently mediated 
by ICT and thus create digital traces, educational researchers hope that LA will bring an 
opportunity for measuring and facilitating 21st century skills (Simon, 2017).  
 
 





As initially stated, we do not take departure in a particular orchestration or model of PBL 
in this article. Rather, we aim to describe some broad and commonly shared principles 
that cut across various concrete implementations of PBL. Further, we do so, with the 
specific aim of identifying themes that have also emerged within the field of LA.   
 
Broadly speaking, PBL is a pedagogical philosophy covering a multitude of practices and 
is applied differently whether implemented in K12 or Higher Education. Even within 
higher education, there are different PBL models, such as the Aalborg PBL model 
(Kolmos, Fink, & Krogh, 2004) and the Maastricht model (Graaff & Kolmos, 2003). In 
PBL-based models, learners usually have a high degree of autonomy and responsibility 
for their own and others learning, and PBL often encompasses elements of reflection, 
peer- and self-assessment (Graaff & Kolmos, 2003; Savery, 2006; Savin-Baden, 2007). 
Generally, various models of PBL feature group work or collaborative work, although the 
exact nature and extension of the collaborative work can differ (Ryberg, Koottatep, 
Pengchai, & Dirckinck-Holmfeld, 2006). Savery (2006) crystallises a number of PBL 
principles to the following three:  
1) the role of the tutor as a facilitator of learning, 2) the responsibilities of the 
learners to be self-directed and self-regulated in their learning, and 3) the 
essential elements in the design of ill-structured instructional problems as the 
driving force for inquiry. (Savery, 2006, p. 15)  
 
Savery (2006), it should be noted, equally stresses collaboration as an essential feature, 
although he does not mention it in the summary of the principles. However, the 
distribution of responsibility for the learning process clearly rests with the students, with 
the ‘teacher’ as a facilitator, and the notions of autonomy, self-directedness or self-
regulation as central. Adding to this, the notion of ill-structured problems as the driving 
force for learning is a very central aspect of PBL, which however is difficult to find 
directly addressed in the literature of LA.  
 
In this paper, we contribute to examining the issue of making an explicit connection 
between LA and PBL by picking out three central themes within PBL, that also align well 
with research within the field of LA, namely: collaboration, self-directed learning, and 
reflection, which are central PBL themes also highlighted by Camacho, Skov, Jonasen, 
& Ryberg (2018), and we investigate how these themes have been addressed by the field 
of LA and neighbouring fields. 
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LEARNING ANALYTICS TO SUPPORT PROBLEM-BASED LEARNING 
PRINCPLES – CONNECTING PBL AND LA 
 
The field of LA is still in the process of establishing the connections to the learning 
theories and educational research, with many of the existing tools not naming the theory 
or paradigms of learning they are based on. Thus, it is not surprising that the number of 
LA applications that specify their relation to PBL, or any other learning approach, is still 
limited. As of now, there is no agreed upon existing set of LA tools that can successfully 
support PBL. The majority of the LA tools that are available in LMSs do not provide very 
diverse information on students’ activities, focusing mainly on system logs and clicking 
behaviour (Dietrichson, 2013), and using only one platform for data collection. 
Mangaroska & Giannakos (2018, p. 12) argue that this limitation “hinders the holistic 
approach to understand the learning process as an ecosystem”. The existing LA tools and 
plugins for LMS are seldom mentioned in LA literature in relation to supporting and 
analysing 21st century skills, and, with rare examples (Triantafyllou, Xylakis, Nilsson, & 
Timcenko, 2018; Triantafyllou, Xylakis, Zotou, Tambouris, & Tarabanis, 2018), are not 
really utilised by PBL practitioners. Despite these limitations, PBL practitioners may 
soon find themselves in a situation where using LA features is not a possibility, but a 
requirement. As the popularity of the field of LA is growing, with new LA tools being 
introduced into existing LMS and the institutional need of showing performance, there is 
a pressure to start introducing LA into the teaching practice at different levels of 
education. We therefore find it valuable to put more focus on the discussion of the 
possible connections between LA and PBL and to involve PBL practitioners in this 
discussion. We start by briefly describing two examples of LA research related 
specifically to PBL. This will be followed by examples of existing LA features that do 
not have an explicitly stated connection to PBL, but still investigat or support some of the 
main principles of PBL: collaboration, self-directed learning, and reflection (Camacho et 
al., 2018).  
 
Hogaboam et al. (2016) conducted a study which aimed to investigate the use of LA tools 
to support instructors in facilitating an online PBL workshop for medical students. The 
facilitators in the study were given access to the students’ part of the learning 
environment, including a video feed, discussion space, and a whiteboard section. 
Moreover, they could consult different visualisations that were made available for them 
in a LA dashboard, such as charts showing the students’ textual output in relation to 
others, the textual output produced by the group as compared to other groups, and a 
progression bar representing task completion. The dashboard also included a scrollable 
news feed showing a list of the actions performed by the students, an interaction graph of 
the discussion, and a word cloud consisting of the most commonly used words. However, 
even though a variety of LA features were created to support facilitation, the actual use 
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of the LA dashboard turned out to be very limited, as the facilitators did not really know 
how to make sense of the visualisations. Instead, they based their facilitating actions on 
the output created by students.  
 
The PBL workshop enriched with the LA dashboard analysed by Hogaboam et al. (2016) 
happened entirely online, which made the data collection significantly easier than if it 
took place in a face-to-face or hybrid setting. An example of a research that aimed to 
analyse data collected in a face-to-face context is the work of Spikol, Ruffaldi, & 
Cukurova (2017), who attempted to analyse which of several multimodal features could 
be considered good predictors for collaborative problem solving (CPS), a process 
common within Problem-Based and Project-Based Learning. The engineering students 
worked in groups, using furniture supplemented with MMLA system capable of tracking 
the position of faces, hands and other objects, and a platform capturing interaction 
information. Spikol et al. (2017) coded video-recordings of the group work, to later 
compute scores on different indicators of successful collaborative learning, such as 
physical engagement or synchronisation. They managed to show that the direction of 
students’ gaze, the distance between them, and hand motions are regressors of the above 
indicators, and could be used to identify collaboration. The authors argue that those results 
show that MMLA could support an assessment of CPS within Project-Based Learning 
and provide insights into the processes involved in face-to-face learning.  
 
Collaboration 
One of the recent proposals focusing on collaboration was made by Koh, Shibani, Tan, 
& Hong (2016) presenting a LA system based on an explicit pedagogical model, called 
the Team and Self Diagnostic Learning Framework (TSDL). Their LA solution is, so far, 
not based on analysing Big Data on students’ actions, which distinguishes it from other 
proposals within the field. In their team competency awareness program, Koh et al. (2016) 
decided to utilise existing surveys from social sciences and represent their results in a 
visual form. Those so-called dispositional analytics (Shum & Crick, 2012) were used to 
guide students in reflecting upon their team collaboration in order to build self and team 
awareness. The 14-years-old students worked in groups on collaborative inquiry tasks 
and were afterward asked to fill in an online survey based on teamwork competency 
dimensions. The results of the survey were then represented on a radar chart showing a 
micro-profile of teamwork competency of an individual, according to both himself and 
his peers. In the next step, the students were asked a range of questions designed to help 
them make sense of the data and how it could be used to improve the group performance. 
Both students and teachers were generally positive about the experience, with students 
saying that it supported them in gaining a better understanding of how well they did in 
teamwork and how they were perceived by others. The main challenge reported by Koh 
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et al. (2016) was related to finding time in the busy school schedule when the students 
could participate in the sensemaking part of the framework.  
 
When it comes to LA features aimed for the tutors rather than students, probably the most 
common role of the analytics is providing tutors with information needed for various 
interventions (Herder et al., 2018; Lonn, Krumm, Waddington, & Teasley, 2012; van 
Leeuwen, Janssen, Erkens, & Brekelmans, 2014). Herder et al. (2018) aimed at creating 
a tool to support teachers’ interventions in a virtual internships systems. The Process Tab 
tool was meant to represent and visualise the discussion of both groups and individuals. 
Teachers were given access to a ‘summary view’ showing the quality of the contributions 
made by individuals, network models, but also suggested interventions. The LA features 
were updated in real time, so the teachers could at any time during class access the system 
and see who needed support. However, even though the teachers saw the potential of 
using the tool, they did not really utilise it, as they were not able to find time to consult 
the LA features during the busy classes. Moreover, even though the tool was analysing 
contributions to discussions, it seems that the focus were individual contributions rather 
than the group-level analysis.  
 
Another example of a learning analytics tool to support teachers’ diagnosis and 
intervention, was suggested by van Leeuwen (2014). The experimental study utilised 
learning data collected on student activities in past courses. The teachers in the control 
group had access to all of the students’ activities that had taken place in a chat tool and a 
shared text editor. The experimental group had the option of using two additional features, 
a pie chart with the relative contribution made by the group members, and a visualisation 
of the group’s level of agreement/disagreement based on the content of the chat tool. The 
teachers were presented with vignettes showing collaborative situations representative of 
groups with different problems. They were asked to rate each group’s participation and 
discussion and had an option of sending an intervention message. The results showed that 
the teachers who had access to LA features were able to give more details when 
explaining the score that they assigned to the groups, were more successful in spotting 
the participatory problems in collaboration and intervened more frequently. Interestingly, 
the visualisation of group’s disagreement had an unclear effect, with teachers in 
experimental conditions not being able to point out the groups that showed signs of 
discussion problems. While some of those results are promising, the study was run using 
data from the past, and thus did not investigate how the fact that the teachers had access 
to the analytics influenced the learning experience of the students.  
 
Forums are one of the most commonly used collaborative online tools (Bakharia & 
Dawson, 2011) that in majority of LMSs are analysed only on a very basic level. 
However, there is a significant body of research (de Laat, Lally, Lipponen, & Simons, 
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2007; Luhrs & McAnally-Salas, 2016; Romero, López, Luna, & Ventura, 2013; Suraj & 
Roshni, 2015), focused on investigating forum interaction and participation using social 
network analysis (SNA). One of the examples is The Social Networks Adapting 
Pedagogical Practice (SNAPP), a tool which offers a real-time SNA using various 
algorithms in order to support teachers in finding and understanding the different network 
structures (Bakharia & Dawson, 2011). Among other functionalities, SNAPP provides 
interactive visualisations of the network and helps the forum facilitators in locating 
isolated students, identifying and acting upon network patterns (e.g. facilitator-centric 
pattern), or discovering the emergence of sub-groups and cliques. 
 
Rabbany, Takaffoli & Zaïane (2012) propose another LA tool utilising SNA, called 
Meerkat-ED. This toolbox builds two types of networks, one of them concerned with the 
interaction between students (social network of students) and the other one that provides 
a hierarchical visualisation of topics (network of phrases). Rabbany et al. (2012) argue 
that this additional feature allows the teacher to see which topics were addressed in the 
discussion, which students participated in those topics, and how active they were. The 
case study showed that the teachers found Meerkat-ED to be a valuable tool that allowed 
them to get an overview of the students’ participation in the forum, and identify both the 
influential students, as well as, the lurkers.  
 
An interesting implementation of LA for collaboration, AMOEBA, was proposed by 
Berland, Davis, & Smith (2015). The function of the tool was to support the teachers in 
pairing the novice programmers at the middle school and high school level to best 
facilitate collaboration. The system runs a real-time analysis of the progress that students 
are making in their programming tasks, tracks which students work in a similar manner, 
and based on that provides the teacher with recommendations on how to pair students to 
improve learning. Berland et al. (2015) showed results according to which the students 
whose teams were created with help of AMOEBA improved in terms of their code’s 
complexity and depth.  
 
Self-directed learning 
Self-direction is a quality of learners who take initiative and responsibility for their own 
learning (Hiemstra, 1999). Self-directed learning (SDL) and self-regulated learning 
(SRL) are terms that are often confused or used interchangeably (Gandomkar & Sandars, 
2018). While the two concepts share some similarities, there are certain differences 
between them. Gandomkar & Sandars (2018) explain that while SDL can be seen more 
as an approach to learning that a learner can take up and follow, SRL is a strategic and 
dynamic process that a learner utilises to ensure that she achieves her learning goals. As 
successful SDL must first be successful SRL, we decided to include examples of LA 
solutions that directly mention either SDL or SRL.  
D. Kilińska, T. Ryberg  JPBLHE: Early view 
 
 
Dawson, Macfadyen, Risko, & Foulsham (2012) proposed the use of The Collaborative 
Lecture Annotation System (CLAS) in order to encourage self-directed learning among 
students. CLAS is a video annotation tool that allows the students to annotate important 
points in a video, share their annotations and review annotations made by others. The 
access to their own annotations combined with the ability to compare with peers helps the 
students to reflect on the significance of different points in the video and supports the 
instructors in checking whether the students recognised the important concepts. Dawson 
et al. (2012) argue that the tool helps students to develop their self-monitoring and self-
management skills thus assisting them in being self-directed learners. Risko, Foulsham, 
Dawson, & Kingstone (2013) ran a user experience study of CLAS and reported that 
students found it useful to have access to the group graph that helped them find important 
information in the video and considered the annotation tool easy to learn. While the 
proposed tool was interesting, it was not reported whether it actually succeeded in 
encouraging self-directed learning by increasing motivation, supporting self-monitoring 
and self-management.  
 
Analytics for Everyday Learning (AFEL) project attempts to address the issue of 
collecting and combining data from different sources and platforms (Holtz et al., 2017). 
Among its expected outcomes is a set of tools that would allow users to track their online 
learning activities in order to support self-directed learning. Holtz et al. (2017) describe 
a browser extension that extracts search history, which is later analysed to derive topics 
that are divided into clusters to obtain a set of broader themes. The data from this analysis 
is then fed to an interactive dashboard with several visualisations that students can adjust 
to their needs, including an overview of the larger themes, together with information on 
the relative number of learning activities associated with each topic. Another feature 
allows the user to track their learning intensity and progress, in relation either to specific 
topics or all of their learning activity. The dashboard also provides resource 
recommendation based on students’ learning situation. The AFEL tools are still at an early 
stage of development, so they not only need further work but also lack feedback from 
users, which means that their positive influence on self-directed learning capabilities has 
not yet been shown.  
 
Tabuenca, Kalz, Drachsler, & Specht (2015) conducted a study that explored the effects 
that regular tracking of the time spent on learning activities has on self-regulated learning. 
The authors provided the students with two tracking tools: an Android app and a 
multiplatform web interface, combined with SMS notifications. The results of the study 
showed that logging time spent on studying might lead to an improvement of time 
management skills and time planning, as assessed through questionnaires on self-
regulation. The time of the notifications mattered, with randomly timed notifications 
having no positive influence on time management, and fixed-time notifications showing 
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a potential of improving time management skills. The influence of tracking on learning 
varied depending on the tracking option used, partly because participants using the mobile 
app tended to be more consistent and regular in their logging. Tabuenca et al. (2015) also 
showed that notifications including personal LA influence time management slightly 
more positively than notifications that consisted solely of generic tips regarding self-
regulation. Interestingly, the authors reported a lack of correlation between the number 
of time logs, the duration of the logged time slots, and grades obtained by the participants. 
  
One of the topics that Tabuenca et al. (2015) touched upon in their work is providing the 
students with valuable feedback in order to support their learning regulation. According 
to Sedrakyan, Malmberg, Verbert, Järvelä, & Kirschner (2018), the field still lacks the 
knowledge and guidelines in regard to the design of actionable feedback based on the 
learner’s goals and characteristics. The existing tools often fail in increasing learners’ 
motivation or helping them develop a mastery orientation, and do not provide support that 
could help students make sense of the visualisations and regulate their learning to do 
better. Sedrakyan et al. (2018) address those deficits by proposing a model listing the 
concepts recommended in relation to designing regulation-supporting feedback in LA 
dashboards. The model includes several design implications concerning different aspects 
of the design of dashboards, such as the need for the environment to give students a 
possibility of having a planning profile, understood as a collection of different features 
that allow for setting sub-goals, creating learning plan, assigning resources, and allocating 
time. The dashboard environment should also support the students in monitoring their 
goals to help them adjust their plans and strategies and provide information on whether 
students’ adaptation to certain challenges was successful. Some other recommendations 
include the need to give students and teachers control over aspects of the feedback they 
receive, and to offer both cognitive and behavioural types of feedback.  
 
Reflection  
LA tools aimed at supporting reflection often focus on analysing and facilitating reflective 
writing. It has been agreed throughout educational research that reflective writing is a 
process important for effective reflective practice, activating students and increasing 
engagement (Bolton, 2005; Thorpe, 2004; Towndrow, Ling, & Venthan, 2008). However, 
its use in education is challenged and limited by the time-consuming process of 
assessment and providing feedback. Currently, the contents of students’ reflections are 
more often than not analysed manually, making it challenging to include reflective 
writing in courses where the ratio of teachers to students is low. It is not uncommon for 
facilitators in different PBL implementations to be responsible for guiding a high number 
of students. In some cases, one tutor may be responsible for facilitation in a classroom 
consisting of a few hundred students (Nicholl & Lou, 2012). Here the answer could be 
designing learning analytics for an automatic detection (Ullmann, Fridolin, & Scott, 
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2012) and assessment of reflection, combined with automatic actionable feedback 
(Gibson et al., 2017).  
 
One of the main challenges that come with providing feedback is the analysis and 
assessment of reflective texts. While reflection is not really a new concept in education 
(Ullmann et al., 2012), the methods for assessment of reflective writing are still a work 
in progress and not yet fully established. This means that researchers who aim to design 
LA for reflective writing need to first adapt existing or develop a new assessment 
method/framework to be used for their tool (Gibson et al., 2017; Kovanović et al., 2018). 
Before reflective text can be assessed and feedback can be provided, it is first necessary 
to detect reflection in written text, which is in itself a challenging task, at least partly due 
to the lack of a large corpus consisting of reflective texts that could be used to refine the 
machine learning algorithms (Ullmann et al., 2012). 
 
Ullmann et al. (2012) ran a study in which they developed a tool for automatic detection 
of reflection and made a comparison between the work of the automated systems and 
human ratings given access to the same texts. In the study, a framework based on five 
different elements of reflection was used to distinguish between reflective and non-
reflective texts: description of an experience, personal experience, critical analysis, taking 
perspectives into account, and outcome of the reflective writing. A set of indicators 
together with rules were developed to locate the elements of reflection. The text was 
considered reflective if a certain number of indicators for each of the reflection elements 
was found within it. The results showed that the texts automatically categorised as 
reflective were also rated higher in terms of the quality of reflection by the human raters, 
which is promising for the further development of automated systems recognising and 
assessing reflective texts.  
 
Gibson et al. (2017) report on the developments made by Authentic Assessment Analytics 
for Reflection (A3R) research project, which aimed to not only analyse the reflective texts 
but also to investigate the potential of providing automatic feedback that could inspire 
students to undertake actions that could improve their reflective writing. The project 
utilised and further developed an existing platform AWA (Academic Writing Analytics). 
Gibson et al. (2017) proposed a new conceptual framework for reflective writing, 
consisting of three moves (context, challenge, change), a modifier based on whether the 
students linked any of the moves to themselves, and three expression types (emotive, 
epistemic, critique). The text was annotated, with comments on paragraphs supplied in 
the margins, and expressions marked with symbols representing different elements of the 
described framework. The feedback was context-independent and not very detailed. 
Many of the students considered the feedback given to them helpful for their reflective 
writing and liked being able to see where improvement was needed. However, some 
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participants wished to be given more information on how to improve and felt that the 
comments were not clear enough. The evidence of action was limited, though the students 
who did modify their drafts, showed improvement in the quality of reflection. Gibson et 
al. (2017) discuss the need of including the contextual feedback that would also allow for 




At a first glance, the relationship between PBL and LA appears ambiguous. On one hand, 
Wilson, Watson, Thompson, Drew, & Doyle (2017) point to the existence of a potential 
conflict between the LA’s goal of facilitating personalised and individualised learning, 
and the collaborative, social idea of learning that underpins social constructivist learning 
theories. On the other hand, Blikstein & Worsley (2016) argue for the contribution that 
MMLA can make to understanding and promoting constructivist forms of learning. The 
goal of this paper was to investigate the potential connection between LA and PBL. The 
field of LA is still young, and new solutions are constantly being developed. While not 
many of them specifically mention PBL, there is a significant body of research, referring 
to some of the PBL central themes, collaboration, self-direction, and reflection. In our 
work, we described and discussed representative examples of tools developed to measure, 
assess, and support the learning processes and skills associated with those central themes. 
Now we use these examples in order to examine what we can learn from them in order to 
help pinpoint both the possibilities and the challenges of employing LA to support PBL. 
We give special focus to the future research implications associated with these challenges 
in order to provide a foundation to move forward.  
 
Possibilities 
The examples that we described show that skills and themes associated with PBL are 
gaining attention from the LA community. They also represent a piece from the variety 
of work that has already been done and is currently being undertaken in the field of LA. 
Even though the described tools are often in their early stages of development and have 
not yet been integrated into any specific program or institution, they do show a promise 
of supporting both learners and facilitators in their everyday PBL practice.  
 
Perhaps the most important role that LA can play in the PBL process is the one of 
supporting students in the development of their PBL-related skills. We described the 
examples of LA tools developed to provide students with information, usually in form of 
visualisations, on their collaborative skills (Koh et al., 2016), or quality of their reflective 
writing (Gibson et al., 2017). With use of different LA features students were able to 
monitor progress in different learning topics (Holtz et al., 2017), track their learning 
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patterns over time (Tabuenca et al., 2015), and compare their judgment with others 
(Dawson et al., 2012), and thus, gain the information and support needed for successful 
self-directed learning.  
 
Majority of the described tools were directed to facilitators rather than students, which 
may be associated with the fact that it is easier to provide the facilitators with additional 
information rather than creating automatic actionable feedback aimed directly at students. 
The facilitators were presented with a variety of different tools and visualisations. The 
described solutions show that LA have a potential of supporting facilitator in a variety of 
ways, such as overseeing the collaboration between students (Herder et al., 2018; 
Hogaboam et al., 2016; van Leeuwen et al., 2014), providing first assessment of reflective 
writing (Gibson et al., 2017), or giving an overview of whether students managed to find 
the important information in video material (Dawson et al., 2012). Some of the ways in 
which data was used to support collaboration, was assigning students into groups based 
on their collaboration patterns (Berland et al., 2015), or identifying participation problems 
or arguments (van Leeuwen et al., 2014). The overview of tools shows the potential that 
LA have not only for assisting students but also for significantly reducing the workload 
of teachers. However, it is also clear that the strong focus on the facilitators, rather than 
the students, sits somewhat uncomfortably in a PBL context.  
 
Challenges and implications for the future 
Involving users in the design 
The challenges associated with developing LA for PBL do not much differ from those 
that the LA field as a whole is still encountering. One of them is related to giving more 
attention to the supply side rather than the demand side (Ferguson et al., 2016). This 
means that there is a stronger focus on answering the needs at an institutional level, than 
on developing tools that teachers and students could use to support the teaching and 
learning processes. As a result, users often do not know how to make sense of the 
visualisations that are presented to them (Hogaboam et al., 2016), find the provided 
information insufficient (Gibson et al., 2017), or have difficulty integrating the tool in 
their existing practice, e.g. due to time constraints (Herder et al., 2018; Koh et al., 2016). 
Not including the perspective of students and other stakeholders in the design process is 
a problem that the LA field has been facing since its creation (Ferguson, 2012; ‘General 
Call | Learning Analytics & Knowledge 2017’, n.d.). Even though there is no lack of 
student-facing LA tools, the students are rarely actively involved in the design, and the 
information of how they perceive usability or usefulness of the LA system is not provided 
(Bodily & Verbert, 2017). This should be done in order to ensure that those tools really 
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answer their needs (Kilińska, Kobbelgaard, & Ryberg, 2018) and can be successfully 
included in the existing learning and teaching practices.  
 
Designing a practice 
The examples also provide a further base for the argument already voiced by some LA 
researchers (Mangaroska & Giannakos, 2018; Wise, 2014), which is that it is not enough 
to create LA tools. What also needs to be considered is the practice surrounding the use 
of those tools in regard to agreeing on the goals, assigning time, and providing guidelines 
for making sense of the presented information. Out of the described LA solutions, only 
one (Koh et al., 2016) included features for supporting the process of reflection and 
planning actions to be taken based on the information from LA tools.  
Building a holistic picture of learning 
Many of the current LMS tools do not paint a very holistic picture of the learning process 
as they do not collect the data from many sources, but focus e.g. only on data available 
LMSs. The work meant to combine data from different sources and platforms has already 
started (Holtz et al., 2017) but it is still in its infancy. The challenge comes from the high 
complexity and diversity of the learning ecosystems used by students. In many cases, e.g. 
within Aalborg University’s PBL Model, Moodle is often used to a very limited extent, 
and it is up to the students to find a combination of tools that suit their learning needs 
(Caviglia, Dalsgaard, Davidsen, & Ryberg, 2018; Sørensen, 2018). Some educators  
attempt to create their own version of PBL-friendly systems, either by making one from 
scratch or developing plug-ins for the LMS used by their institution (Ali, Al-Dous, & 
Samaka, 2015). Therefore, it is important that future research focuses on understanding 
and mapping the learning ecosystems. What is also very promising, is further 
development in the area of MMLA that attempt to combine the data on online activity 
with face-to-face data. It must be noted, however, that building MMLA solutions faces 
many technical challenges (Ochoa & Worsley, 2016). 
 
What should also be considered, is development of LA based not only on automatically 
logged data on students’ activities, but also self-reported data, as we saw e.g. in the work 
of Koh et al. (2016). Some argue that the numbers alone are not enough, as what remains 
unknown is the intent (Ellis, Han, & Pardo, 2017), and without the knowledge of the full 
context, it is difficult to analyse the data. Even when the external learning conditions are 
the same, internal conditions may differ significantly (Gašević, Dawson, & Siemens, 
2015). Combining the automatically recorded logs with self-recorded data may be a way 
of gaining a greater understanding of the actual learning processes (Ellis et al., 2017), but 
so far this solution is rarely utilised in the field of LA (Tempelaar, Rienties, & Giesbers, 
2015).  
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Providing actionable feedback 
What still requires further work is providing students, also those who already do well in 
the course, with actionable feedback that can help them improve their work (Sedrakyan 
et al., 2018). Out of the presented LA solutions, only a few aimed at giving the students 
automated feedback that they could later actively use (Gibson et al., 2017; Tabuenca et 
al., 2015), and even then, some of the students reported that they did not know how to use 
the information to, e.g. further develop their reflective writing skills. In order to address 
this and other shortcomings, the field needs to work on its connection to the learning 
sciences and educational research (Ferguson, 2012; Ferguson et al., 2016; Gašević et al., 
2015; Mangaroska & Giannakos, 2018; Sedrakyan et al., 2018).  
 
Establishing collaboration between PBL and LA researchers 
The field of LA is working on creating stronger connections to learning sciences and 
educational research, but in most cases, it is not quite there yet. The main implication that 
seems to be coming from this fact is that if the LA solutions are to really support the PBL 
principles, what needs to be considered is an active collaboration between PBL 
practitioners and LA researchers to create tools that are rooted in the existing practice and 
educational knowledge of the field of PBL. This collaboration could lead to the 
development of further frameworks and guidelines for the design of future LA solutions 
to ensure their adherence to PBL principles and thus wider adoption of the created tools. 
What is important, is for the future PBL tools to be flexible and easily adapted to the 
needs of specific users and settings. There is no one model of PBL that is implemented 
in single format at all institutions, which makes it challenging to apply one set of 





Even though the existing LA tools supporting PBL or PBL-related themes still have 
significant limitations, the ideas that they represent are valuable. In the era of a growing 
popularity of online learning and MOOCs, it is necessary to develop and provide tools 
that will make it possible to implement PBL process in different settings, also those that 
cannot afford the number of facilitators sufficient for effective support of all the enrolled 
students. Automation of feedback and assessment provide an opportunity for employing 
PBL at a larger scale, not only in small classrooms, while preserving its main principles. 
LA tools do have the potential to support students in developing collaboration, reflection, 
and self-directed learning skills, and to give the teachers information that can help them 
provide successful facilitation. Moreover, as the field is still struggling with making the 
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connection to the learning sciences, PBL practitioners can offer their experience, 
expertise, and critical perspective, to ensure that LA are indeed about learning, and not 
about showing performance. From the economic and institutional perspective, if 
constructivist approaches to learning are to maintain their position in education and 
continue to be adopted, they could potentially need to address the administrative 
limitations that are currently holding them back. LA, or specifically MMLA features are 
a way to possibly analyse and quantify non-traditional (or non-behaviourist) approaches 
to learning in order to give them an advantage in the educational systems driven by the 
political and economic need to demonstrate performance (Blikstein & Worsley, 2016). It 
may therefore be a smart move for PBL practitioners to engage with the field of LA, not 
only to benefit from the information it provides, but also to gain a voice in the change 
processes associated with the institutional and political adoption of digital technologies 
and LA. As we briefly discussed in the section The reasons for the continuous growth of 
the field, there are different perspectives driving the interests within LA: a research-led 
perspective focusing on learning, but equally a political-institutional perspective driven 
by an interest in increasing retention and minimising drop-out rates. While the latter is 
commendable, we need, as PBL practitioners, to ensure that adoptions of LA within PBL-
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